Nowadays, taking photos and recording our life are daily task for the majority of people. The recorded information helped to build several applications like the self-monitoring of activities, memory assistance and long-term assisted living. This trend, called lifelogging, interests a lot of research communities such as computer vision, machine learning, human-computer interaction, pervasive computing and multimedia. Great effort have been made in the acquisition and the storage of captured data but there are still challenges in managing, analyzing, indexing, retrieving, summarizing and visualizing these captured data. In this work, we present a new model driven architecture for deep learning-based multimodal lifelog retrieval, summarization and visualization. Our proposed approach is based on different models integrated in an architecture established on four phases. Based on Convolutional Neural Network, the first phase consists of data preprocessing for discarding noisy images. In a second step, we extract several features to enhance the data description. Then, we generate a semantic segmentation to limit the search area in order to better control the runtime and the complexity. The second phase consist in analyzing the query. The third phase which based on Relational Network aims at retrieving the data matching the query. The final phase treat the diversity-based summarization with k-means which offers, to lifelogger, a key-frame concept and context selection-based visualization.
INTRODUCTION
Recently, we have witnessed the emergence of user-centric approaches in multimedia retrieval [Fek16] [Fak16] [Bouh17] [Gue11] [Wal10] . In fact, personalizing the search is the main objective in several on-going research domains like egocentric vision, self-tracking, quantified-self and personal data which are more commonly known for the last decade as lifelogging. Indeed, lifelog consists of acquiring data via cameras and sensors and storing this data to form a personal archive [Gur14] . Since the dawn of time, men have always tried to leave traces of their activities and Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. their daily lives. Prehistoric men painted frescoes in the caves. Later, men recorded their thoughts, their moods and their days in diaries. Nowadays, a lot of wearable cameras have been created to facilitate the automatic capture of images and videos of daily life. In this work, we focused on data captured with photographic camera commonly called visual lifelogs, because with this kind of camera we can acquired over long periods of time which would not be possible with videos cameras. If lifelog's primary goal is to build a personal archive that extends over years, the best way to do this is to use images instead of videos. Lifelogging is characterized by the huge amount of personal data generated by the lifelogger. This data does not contain neither annotations nor semantic descriptions. An effort has been done these last years to construct lifelog datasets which contains tens of thousands of images. Considering this huge amount of personal data created, there is a need for systems that can automatically analyse the data in order to understand, classify, summarize and also query to retrieve the information the user may need. Another specificity concerns the images, they are captured automatically at regular intervals without knowing on what focus lifelogger's attention. Sometimes, images are noisy, error-prone, blurry, distorted or contains useless information like sky or walls. Operate a preprocessing is necessary to eliminate noisy information. To make this personal data usable, several personal lifelogging applications (PLA) have been realized [Gur14] . These PLA cover different life aspect of lifelogger, self-monitoring of activities (sport, dietary, sleeping, smoking cessation), memory assistance (help people with memory loss such as with Alzheimer's disease or dementia) and long-term assisted living (to prevent older adults from potential alarm situations).Despite the advances in the visual lifelogs capture and storage, relevant data mining from this considerable amount of multimodal data remains unresolved problem. To the best of our knowledge, three major issues are present in lifelogging. First, the multimodality is generally not addressed [Dan17] . Second, a complete system combining annotation, retrieval, summarization and visualization is not proposed yet. Third, the architecture of existing systems are not based on any model. In this paper, we present a new model driven architecture for deep learning-based multimodal retrieval, summarization and visualization. Our proposed architecture consists of four phases. The first phase process begin with preprocessing the lifelog images using CNN. Then, an extraction feature with enhancement is operate relying on several CNN pretrained on Imagenet. After that, a semantic segmentation using Global Convolutional Network (GCN) limit the search area in order to better control the runtime and the complexity. The second phase, based on Relational Network (RN), consist in retrieve moments according to the user's query. The third phase summarize the output of retrieval based on diversity using convolutional k-means. The final phase gives the summary's visualization based on different concepts and contexts. The remainder of this paper is divided into five sections. In section 2, we present recent related works in the retrieval, summarization and visualization context and discuss on-going challenges in lifelogging. In section 3, we describe our model driven approach which is based on several conceptual model. Section 4 details the four phases of our new architecture which based on several deep learning method for multimedia lifelog retrieval and summarization. The section 5 provides some concluding remarks and suggests future works.
OVERVIEW OF CHALLENGES IN LIFELOGGING
For several years, proposing systems which are able to extract relevant information from lifelog data has been the interest of various researchers. This necessity is linked to the exponential growth of the data recorded by the various cameras and sensors. Lifelogging has become a full-fledged task at international conferences and a special attention is paid to it. We are witnessed the creation of tasks and benchmarks in international conferences dedicated to lifelogging such as NTCIR [Gur17] and IMAGECLEFLifelog Task [Dan17] which gave rise to the construction of test collection for lifelog research. In the following, we will present an overview on retrieval, summarization and visualization lifelog approaches which, most of them, were proposed on this benchmarks.
Deep Learning based approaches of retrieval
The central theme of the retrieval is the study of models and systems of interaction between human users and corpus of digital documents in order to satisfy their information needs. In the context of lifelogging, information retrieval consists in finding an event, an object, a person, a place or an action in a huge personal archive. Our study focused on works based on deep learning in the context of egocentric image retrieval. We found that the majority of the studied works relied on pretrained CNN. Authors in [Rey16] design a system based on Bagof-Words framework able to help users to find their personal objects once they have forgotten or lost. The classification of the relevant candidates and the discarded ones is achieved by thresholding. In [Oli16b] , authors proposes a text-based search engine approach on certainty score tf-idf for egocentric images retrieval based on CAFFENET 1 that takes advantages of the inverted index approach. In [Oli17] , authors create an automatic method based on LSDA 2 framework for semantic indexing and retrieval of wearer activities in egocentric images based on integrating heterogenous information from images and metadata. They used the retrieval engine indexation based on certainty score developed in [Oli16b] . Authors in [Oli16a] design an interactive systems which employed a semantic content tagging mechanism based on the retrieval system open source LUCENE 3 image retrieval engine. Authors in [Xia16] based their work on feature expansion using Wordnet and a manually performed query expansion by an expert. [Saf16] used three Deep Convolutional Neural Network models (Alexnet, Googlnet and VGGnet) learned on the IMAGENET 4 corpus and Multiple SVM approach learned on the TRECVID2013 5 data using the CAFFE framework. Authors in [Lin16] proposed a textual approach based on word to vector model. They use a word distance between the provided CAFFE concepts and the keywords from the quey. [Zhou17] used the human-in-the-loop methods to match between query and user needs. By analyzing these works more closely, there are some limitations which we detail in the following. In [Rey16] , bag of words ignores the context of words : it does not take into account semantic meaning and ordering. In [Oli16b] , the authors used EDUB dataset 2015 to evaluate the approach. The dataset contain only 4192 images. With a bigger dataset, there will may be a problem of performance with the inverted index. That's why they used NTCIR-12 lifelog dataset in [Oli17] . Concerning [Oli16a] , we have doubts about system adaptation to a change in the order of demand's magnitude, particularly in maintaining functionality and performance in high demand.
[Xia16] not achieve promising result, they failed to provide good retrieval effectiveness as they said in their article. Authors in [Saf16] use temporal indexing which is fuzzy and culturally dependent. They also link the terms of the topic manually to the set of IMAGENET and TRECVID and generate manually the queries from the topics. In [Lin16] , authors faces difficulties to construct the relations of topic question keywords and CAFFE concept words. [Zhou17] exploit only the information's provided which consist in the description of the semantic locations and physical activities.
Clustering based summarization
The summarization process aims to produce a concise version of one or more digital documents containing only the most important information, possibly responding to a user need. Ideally, information retrieval should use the abstract to present synthetic results requiring minimal time to be appreciated by the user. Summarization deals with unsupervised classification since we do not know in advance the number of classes which represent the image returned by the system. Two methods were used in the majority of the works presented below : hierarchical clustering and k-means. In [Mol16] , they filter uninformative images by analyzing their ratio edges and describes the images using the available CNN models for objects and places with egocentric-driven augmentation. Then, they cluster into episode using k-means approach. [Bol15] based their work on frames characterization by the means of the pretrained CAFFENET convnet, which will be segmented based on unsupervised hierarchical agglomerative clustering. Then to choose the best photo to represent the event , they select the most visually similar with the rest of the photos in the same cluster based on random walk and minimum distance. [Lid15] remove noninformative images by a new CNN-based filter. Then, images are ranked by relevance to ensure semantic diversity : relevance ranking was obtained by integrating techniques for saliency detection, object recognition and face detection. Moreover, re-rank is applied by enforcing diversity among the chosen subset of pictures. Finally, they define the priorities of the different relevance terms based on Mean Sum of Maximal Similarities. [Dog17] analyze the output of concept detector provided by the organizers and selecting for each image the most probable concepts. Then, they perform image clustering based on the histogram of oriented gradients (HOG) and stopped the hierarchical clustering algorithm when 30 clusters were formed. After that, they use WU-Palmer similarity score using Wordnet to calculate similarity be-tween each image from the cluster and the topic description. Finally, they sorted the clusters in descending order based on the mean value of the similarity scores of the images that it contained.
[Mol17] choose to begin with preprocessing techniques to filter out uninformative images. Then, they rank the remaining images according to how well they match the given query. After that, they cluster the top ranked images into a series of events. Finally, they select images in interactive manner according to distance to the cluster for k-means clustering or relevance score for hierarchical trees. [Zhou17] use hierarchical clustering and select the top image that close to center for summarization. By looking at these works more attentively, we notice that [Mol16] and [Bol15] did not take into account diversity in the ranking. For [Mol16] , the evaluated dataset is not big and representative enough and the pretrained models that they use do not properly classify egocentric images content. [Bol15] did not use semantic information like object, people or actions and rely solely on low-level features. [Lid15] did not take into account spatial and temporal information. [Dog17] provide results not satisfactory due to the lack of correlation between the concept output by the CAFFE concept detector and the meaning of textual descriptions of the topics. Besides, temporal information has not been used. They, relied solely on the information provided by the organizers and no additional annotations or external data have been used. For [Mol17] , different tasks require different summarization method which may not be completely consistent when changing the lifelog input.
Multimodal Visualization
Managing, searching and browsing a large amount of lifelog images through an interface has been the subject of several research. [Lee08] The works presented in the previous subsection summarization did not deal with visualization, they only display the result at screen. They do not offer a way to visualize a relevant images selection to a specific search. Indeed, generally the images captured using wearable camera can be consulted via the application on computer or on mobile phone. In this kind of application, images are sorted according to a timeline per day or where every picture was taken based on GPS sensor. At the end of this overview, we can say that no system propose to combine annotation, retrieval, summarization and visualization given the colossal difficulty that this induces, the systems focus only on one or two of this phases but not on the all. Also, we have noticed that many works proposed systems or frameworks which are not based on any model. Furthermore, deep learning is used only for extraction feature. The majority of the proposed works relied solely on the information provided by the organizers and no additional annotations or external data have been used. In all the above mentioned approaches, performance can be improved when the CNN is retrained on images that are more related to the retrieval dataset according to [Bab14] . The majority of them trained the images on IMAGENET. They have resorted to manual annotation to fill this information gap. We focus on deep learning-based approaches since it achieved promising results compared to classical ones as they mentioned in [Kri12] and [Gar17] .
NEW ARCHITECTURE FOR DEEP LEARNING-BASED MULTIMODAL LIFELOG RETRIEVAL, SUMMA-RIZATION AND VISUALIZATION
In the following, we detail the novel architecture for deep learning-based multimodal lifelog retrieval, summarization and visualization. We first describe the general architecture, then we detail every step.
Model driven
Existing works have focused on one problem at time : they treated either retrieval, summarization or visualization. But none of them, except [Zhou17] who combined retrieval and summarization, has tried to create a whole chain of processing starting from the data's preprocessing until the visualization through the retrieval and the summarization. To be able to integrate these different phases, we felt that it was essential to be based on a model. The model is an essential condition for realization of a solid architecture as well as a good understanding of the system to be developed. A model can be considered as an abstraction of a system in the form of a set of facts. We choose to use model driven approach to realize our system. To do this, we will use UML language which is considered as a platform-independent modeling language and used in model-driven architecture introduced by the Object Management Group. UML model systems according to different points of view, static and dynamic. The static structure allows to model a system using objects, attributes, operations, and relationships. We described this static structure through the use case and the class diagram. We chose to model the dynamic behavior and the interactions between objects through the activity diagram. To elaborate this diagrams, we rely on the 5R's described in [Sel10] : recollecting, reminiscing, retrieving information, reflecting and remembering intentions. More details are shown in Fig 1. 
Metamodel for Lifelogger
The lifelogger is the main actor of our system. He's who will create the database by capturing images using a device such as a sensor, camera or smartphone. Each image will have as unique identifier the date on which it was taken. When the lifelogger wants to search for a moment, he may be able to search for an object, a person, an event, a place, an emotion or an activity daily living (ADL) context and concept-based composed of individual actions. The result should be summarized before visualization. The fig.2 shows the map for modelling lifelogger needs.
Activity diagram
The activity diagram is a dynamic UML diagram describing the sequential activities and parallel systems. They allow to represent graphically the behavior of a method. The fig.3 .a described the sequencing of a captured image and a search for a moment through the system. Following the preprocessing, the image can be deleted if it is uninformative. If the image is blurred, the system try to unblur it. If the image contain homogenous color this will mean that the image is uninformative and it will be deleted. Then, the system extract image feature and try to detect concepts. If the system find a new concept, it then make automatic annotation to the image. In both case, when finding or no a new concept, the next step is to realize a semantic segmentation. After that, when the lifelogger submit a query to find a specific moment, the system active the retrieval phase. Afterward, the system rank the result 
Proposed architecture
Deep learning (DL) uses supervised learning based on digital artificial neural networks to allows a program, for example, to recognize the content of an image [Fak17] or to understand spoken language like Siri, Cortana and Google Now. With traditional methods, the machine simply compares the pixels. DL allows learning on more abstract characteristics than pixel values, which it will auto-construct. The knowledge on the classification of images contained in such network can be exploited in two ways: as an automatic extractor features, materialized by the CNN code and as a Fine Tuning to deal with the new classification problem. Given the power of DL in recognition and image processing [Boug14] , we chose to use this method in our architecture. The input of our architecture is a lifelog dataset which contains images, images concepts, extra data and queries. These multimodal and heterogeneous data was recorded from several acquisition modalities and came in different formats. The first one contain three steps: preprocessing, image feature extraction and semantic segmentation. This phase aims to delete uninformative image, to unblur blurred image by using pre-trained CNN as a feature extractor and to group images in homogeneous segment. We notice that performance can be improved when the CNN is retrained on images that are more related to the retrieval dataset. We will then also work on training the CNN on annotated lifelog dataset to improve performance and relevance. In the second phase, we use LSTM encoder to realize query processing. Since we will use the Relational Network to solve the retrieval problem in the third phase, it is better to perform this encoding. After ranking the result returned by the retrieval step using convolutional k-means, our architecture summarize the result based on diversity using keyframe selection. Finally, the result is shown to the lifelogger in a personalized way based on concepts and contexts. In the following, we will detailed every step includes in the architecture shown by the fig.3 .b.
Automatic annotation enhancement
The images captured using wearable camera have a particularity. Indeed, these images are captured automatically at regular intervals (every 30 seconds) which causes repetitive shooting. Moreover, these images are sometimes taken in bad conditions like bad lighting or bad framing which give blurry images. To judge the quality of an image, we choose a CNN for no-reference image quality assessment [Bos16] applied to blurriness and colour diversity. If the image is blurred, we try to unblur it otherwise if the image contains homogeneous colour this means that the image is uninformative and should be deleted because it may be contain a sky, a wall or a floor. The image is no longer considered as a matrix of colours' pixels, but as a carrier of a semantics encompassing several concepts. Convolutional neural networks have made considerable progress in the analysis of images especially on large dataset. To extract image feature, we rely on several CNN trained on Imagenet. In this step, we proceed to enhancement through a combination of concept detection by using the LSDA object detector which transfer classifiers for categories into detectors and automatic annotation if the discovered concept in the image do not appear in the list of concepts already related to the image in the lifelog dataset. The objective of the semantic segmentation is the association of each object of the image, a label among a set of predefined classes (human activities, food, computer activity, heart rate ...). The final goal is to predict a mask of segmentation that indicates the category of each object. Pixels are classified based on characteristics extracted in the image feature extraction step. By forming segments, we reduce the number of images to be processed in the retrieval phase. For that purpose, we will use a global convolutional network described in [Pen17] based on scalable ontology driven framework for hierarchical concept detection.
Query analysis
In the Lifelog Semantic Access Task (LSAT) of NTCIR-12 and in the lifelog retrieval task (LRT) of IMAGECLEF2017, the query is a set of topics representing lifelogger's information needs. Therefore, it is necessary to filter this query in order to extract the key concepts based on the following axes: object, location, event, ADL, people or emotion. Considering that we will use the Relational Network [San17] in the retrieval phase, the query should go through LSTM which it is capable of learning long-term dependencies.
Image retrieval
Information retrieval models define a representation of documents and the queries as well as a correspondence function which makes it possible to calculate similarities between documents and queries and to rank the results. Whatever the research model and the calculations are purely numerical and rely essentially on the frequency of words and analysis of their distribution, the search for semantic information seeks to go beyond this approach by injecting knowledge [Fek15] . For that purpose, we choose to adapt Relational Network (RN) by using Neural Tensor Network instead of Multi-layer Perceptron. To use RN, we need to build a reasoning lifelog dataset, which contain images and questions that test logical reasoning to enable detailed analysis of visual reasoning. We will then rank the result using Support Vector Machine.
Summarization and Visualization
The information's relevance returned to the lifelogger is an important aspect of the information retrieval but we should also take into account the diversity. Images sorted by relevance may be similar and redundant. It is not interesting to rank all similar image of the same one, even if it may be the most relevant. Instead, the top results should be different and complementary. Once the images are ranked, we use a k-means clustering based on average distance to apply diversification [Fek17] [Fek14] [Ksi13] on the result that will be visualized. The top n images from each cluster will be selected where n is a limit fixed by the user. According to the user-study done by [Cho16] , visualization should be insightful, intuitive, interactive, impressive and immersive. Also, the studied lifeloggers prefer a visualization based on the most frequently visited locations in visually appealing and informative interface that another based on temporal clustering, 
EXPERIMENTS
To evaluate the performance of our method, we employed ImageCLEFlifelog2017 which is based on the data available for the NTCIR12Lifelog task. 
CONCLUSION
In this paper, we have addressed the creation of a novel model driven architecture for deep learning-based multimodal lifelog retrieval, summarization and visualization. The architecture consist of four phases integrating several conceptual models. The first phase process begin with preprocessing the lifelog images using CNN.
Then, an extraction feature with enhancement is operate relying on several CNN trained on Imagenet. After that, a semantic segmentation, using GCN, limit the search area in order to better control the runtime and the complexity. The second phase, based on RN, consist in retrieve moments according to the user's query. The third phase summarize the output of retrieval based on diversity using convolutional k-means. The final phase gives the summary's visualization based on different concepts and contexts. As future works, we are making implementation of the several phases of our system and we aim to validate our architecture by participating at IMAGECLEF 2018 Lifelog Task.
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